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Abstract
When a decisionmaker allocates resources, the values behind the allocation are
not always transparent. This paper develops a method to uncover the values implied by observed allocations. Our method relies on machine learning estimators
to separately identify three components behind the allocation: (i) implied welfare
weights: the decisionmaker may prioritize some people over others; (ii) heterogeneous treatment effects: some people may benefit more than others from the
allocation; and (iii) differential impact weights: the decisionmaker may prioritize
some outcomes over others. We apply this approach to Mexico’s flagship antipoverty program, to estimate the preferences its allocation implies. We find that
the distribution of benefits are consistent with welfare weights that rank a household 13 percentiles higher if indigenous, 8 percentiles lower for each standard
deviation increase in household income, and 21 percentiles higher for each additional small child in the household, on average. Allocations are consistent with
valuing each missed school day and child sick day within conventional assessments. Alternate eligibility criteria could have improved average consumption,
health or schooling outcomes.
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Introduction

Decisions reflect values. Governments decide which households receive welfare benefits, which
firms receive small business grants, and which regions receive aid; colleges decide which students
to admit; journals decide what papers to publish. In each of these settings, an allocation decision is
made. What values are implied by the observed allocation decision?
Decisions may prioritize certain entities (such as low income households, or regions with declining
industries) either because those entities receive the highest utility impacts, or because those entities
are intrinsically more valued, irrespective of the impact of the allocation. This distinction has deep
implications for understanding and designing optimal policies [21, 5]. In particular, all members of
society may agree on a ranking of who benefits most along some objective metric, but may disagree
on the welfare weights to assign to different entities.
This paper develops a method to infer the preferences that underlie observed allocation decisions.
Our method separates differential treatment effects (who benefits the most from a program) from
implied welfare weights (what types of entities are prioritized) and weights on different outcomes
(how different impacts are valued). Our approach relies on recent innovations in machine learning that make it possible to estimate the heterogenous treatment effects under random assignment
[17, 27]. We demonstrate how these advances can be used to better understand and articulate the allocation of programs. Our approach allows us to pose counterfactual welfare weights and valuations
of outcomes to produce different allocations, and quantify the welfare impacts of these adjustments.
We consider a common form of decision, an allocation based on a score or ranking. These may
be poverty scores in the case of welfare programs, or explicit rankings in the case of applicants for
small business grants or college admission. This ranking implies a system of inequalities between
the contributions of different entities to welfare. We use this system of inequalities, and a simple
and general model of welfare, to estimate the implied value on different welfare outcomes (estimated
using modern methods for heterogenous effects) and different entities (based on observed characterPreprint. Under review.

istics), using ordinal logit. Our method can also be used if an observer had only binary information
on eligibility, though in that setting it will be less informative.
Intuitively, if a decisionmaker allocates to one type of applicant who benefits little from the allocation over a different type who would benefit greatly, that suggests the decisionmaker places higher
welfare weight on the first type. Or, if a decisionmaker consistently allocates to applicants whose
health improves from the allocation — instead of applicants whose consumption increases — that
implies the decisionmaker highly values health.
We apply the method to the case of PROGRESA, one of the world’s largest (and best-studied)
anti-poverty programs, which provided cash transfers to eligible households in Mexico.1 We first
estimate the heterogenous treatment effects of the program, exploiting randomized variation in eligibility, using causal forests [27]. Results indicate treatment effect heterogeneity, such that younger
and wealther households benefit most from the program. This is similar to prior work based on
linear models [6]. Next, we use ordinal logit to identify the preferences implied by the ranking between households. These results indicate that the program prioritizes indigenous households, poor
households, and households with children. Finally, we evaluate the counterfactual allocations that
would result from alternate welfare weights. For instance, we can show what allocations should
have occurred had the government placed higher priority on certain types of impacts (e.g., health
vs. education) or certain types of households (e.g., lower-income or indigenous).
This approach makes it possible to invert the discussion about allocative programs. Rather than
debate the means of the policy (who is eligible, how large are the benefits), this framework makes
it possible to debate the ends (how much do we value health, education, or consumption? By how
much should lower-income families be prioritized?). The framework can be applied in numerous
settings where decisionmakers allocate scarce resources and heterogeneous treatment effects can
be estimated. In particular, it naturally applies to the debate about universal basic income versus
targeting transfers towards particular households [12].
The approach has two caveats. First, it requires defining values precisely: the implied weights
may depend on what outcomes and characteristics are allowed to enter the objective function. This
definition of what may be valued is a substantive decision. Second, it requires a large enough dataset
to both measure heterogeneous treatment effects, and the implied welfare parameters. These datasets
are increasingly becoming available, particularly in settings with digital experimentation.
Related Literature
This paper contributes to a large economics literature on optimal targeting and taxation [21, 4, 10],
and especially work focused on targeting in developing countries [2, 11]. It can be viewed as a
response to [24], which finds that targeting poverty directly may not be sufficient for impact, and
suggests that it may be better to target based on desired outcomes. Relatedly, [28] considers the
theoretical problem of allocating resources given heterogeneous aid agency preferences over individuals, and describes allocation queues as a solution to a combinatorial problem. It is related to a
recently expanding public finance literature on welfare weights. [13] infers the weight on different
households implied by a tax schedule based on the distortions required to transfer them resources.
[25] generalize welfare weights to reconcile popular notions of fairness with optimal tax theory.
Our paper shows how similar welfare questions can be raised across a broad set of domains where
heterogeneous treatment effects can be estimated.
Our efforts relate broadly to recent work on fairness in machine learning [7, 3]. Within this subfield,
several papers have studied the social welfare implications of algorithmic decisions, and how social
welfare concerns relate to different notions of fairness [9, 14, 20, 19, 1]. Most directly related, [22]
discuss how different constraints to targeting can impact efficiency and fairness. Our approach is
distinct, however, in that we show how using machine learning tools can be used to better characterize and audit the implied priorities of a program, as revealed in the program’s observed allocation.
We hope that by providing increased visibility into these revealed preferences, future policies can
be better aligned with stated preferences and explicit policy objectives.
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PROGRESA conditioned payouts on certain actions, but we treat the program as an unconditional transfer.
For simplicity, we assume PROGRESA did not have differential spillover benefits on different households.
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Model

We consider a decisionmaker choosing how to allocate treatment among N entities, which could
be, for example, individuals, households, firms, or regions. For convenience, we refer to entities as
households. The decisionmaker determines a ranking zi for each household i, which will ultimately
be used to select a treatment status Ti ∈ {0, 1}. Household i has characteristics xi .
We assume that the ranking results from some implicit welfare function:
S=

X

Si

i

Si = µ(xi ) · v(Ti , xi )
where µ(xi ) represents the welfare weight of a household with characteristics xi , and v(·, ·) represents the decisionmaker’s implied base valuation of a household’s utility.
The utility valuation may be a linear combination of multiple outcome measures (such as consumption, health, and education):
v(Ti , xi ) = g0 (Ti , xi ) +

X

λj gj (Ti , xi ) + C · Ti

j>0

where gj (·, ·) represents outcome j and λj represents the relative value, or ‘impact weight’ of outcome j relative to the numeraire (j = 0). C is a constant representing the intrinsic value of providing
the program, even absent impact.
The policymaker may place more or less weight on households with different characteristics, with
additive welfare weights ω:
µ(xi ) = 1 + ω·xi
We take as given that we have an experimental design that has recovered the predicted effect of
treatment on each outcome j, which may be heterogeneous as a function of covariates xi :
ˆ j (xi ) := gj (1, xi ) − gj (0, xi )
∆g
The predicted welfare impact of treating household i is then:
ˆ 0 (xi ) +
∆Si = (1 + ω·xi ) · (∆g

X

ˆ j (xi ) + C)
λj ∆g

j>0

The decisionmaker ranks each household by its contribution to welfare:
zi = f (∆Si + i )

(1)

where i is measurement error that is iid and mean zero, and f is a weakly increasing transformation,
which preserves the priority order of who receives treatment but not the intensity of preferences.

3

Intuition

To demonstrate the intuition behind our method, we consider a simple example in Figure 1. Consider the case of a single outcome and one dimension of heterogeneity, x, which corresponds with
consumption. A decisionmaker allocates a program by ordering households by the function z(x),
prioritizing poor households. As shown in Figure 1, the same allocation rule could result from higher
welfare weights on the poor, equal welfare weights, or higher welfare weights on the rich, depending
on how treatment effects vary with x.
The next section demonstrates how to empirically recover welfare and impact weights from data in
when there are multiple dimensions of heterogeneity and multiple outcomes of interest.
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Figure 1: Intuitive Example
An allocation rule that prefers the poor (low x)...
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Estimation

If we observe how a decisionmaker allocates treatment (z) and its effects (∆gˆj (xi )), what can we
infer about the decisionmaker’s preferences (ω, C, λ)?
If the decisionmaker prioritizes household i over i0 (zi > zi0 ), Equation 1 suggests we must have:
X
X
ˆ 0 (xi )+
ˆ j (xi )+C)+i > (1 + ω·xi0 )·(∆g
ˆ 0 (xi0 )+
ˆ j (xi0 )+C)+i0
(1 + ω·xi )·(∆g
λj ∆g
λj ∆g
j>0

j>0

If the decisionmaker’s error is Gumbel: i ∼ σ · EV (1), then the problem can be modeled with an
ordinal logit likelihood. We use maximum likelihood to estimate the parameters {ω, λ, C, σ} that
ˆ j (xi )}j }. This method can also be used if one observes
best match the observed data {z, x, {∆g
not a full ranking, but simply binary assignment to treatment (Ti ∈ {0, 1}), which corresponds to a
ranking with two levels.
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Empirical Example

We demonstrate our method on the Mexican PROGRESA conditional cash transfer (CCT) program.
First implemented by the Mexican federal government in 1997, PROGRESA was the inspiration
and model for a number of similar conditional cash transfer programs across Latin America. It was
designed to improve the well being of poor families, by offering monthly transfers of 90 pesos were
4

offered to eligible mothers conditional on regular doctor’s visits and/or regular school attendance.
The vast majority, roughly 99%, of enrolled people met these conditions [26].2
5.1

Data

We use data from two household surveys prior to treatment (1996 and May 1998), and one household survey after treatment (November 1999). These surveys asked about household demographics,
socioeconomic characteristics, health care utilization, and educational attendance. We evaluate endline outcomes reported in November 1999. These data contain information on 14,949 households
over the entire experiment period.
5.2

Outcomes

We focus on three outcomes of interest:
• Per-capita consumption
• Health status of young children: average number of sick days among children 0-5 years
old in the household
• School attendance: average number of school days missed among children 6-16 years old
in the household
The survey asked for these responses in the previous month. In the terminology of our theory, these
outcomes are our gj (xi ), where J = 3; we treat per-capita consumption as our numeraire. All
of these are plausibly target outcomes that a social planner or government might prioritize when
designing a welfare program, although only the latter two outcomes were explicitly prioritized by
the Mexican federal government as part of the official goals of the program. Previous studies have
estimated significant treatment impacts of PROGRESA for all three of these outcomes using the
same survey data that we explore here [15, 8, 26, 6].
We impute treatment effects of 0 for households without children in the relevant age bucket for
schooling and health outcomes, respectively (children aged 5 or below for the health intervention,
and children aged 6-16 for the schooling intervention).
5.3

Estimates

5.3.1

Heteogeneity in treatment effects.

We first estimate heterogeneous treatment effect estimates ∆gˆj (xi ) (estimated using causal forest).
On average over our sample, PROGRESA increased household monthly consumption by 14 pesos,
to have reduced the number of sick days per child by 0.08, and reduced the number of school days
missed per child by 0.03. However, those treatment effects are heterogeneous, as summarized in
Figure 2. Income and household head age are the most important covariates in explaining these
differences (see Appendix Table A1).
5.3.2

Implied policymaker preferences

Next, we use these estimated heterogeneous treatment effects and the household poverty scores z,
to estimate welfare weights and impact weights. We allow welfare weights µ(xi ) to vary over the
size of households, the indigenous status of the household head, the level of income in 1997, the
number of adults aged 17 or above, and the number of children less than or equal to 5 years old,
as well as the number of children 6 to 16 years old. We estimate parameters using ordinal logit.
Standard errors are computed using a two-step bootstrap procedure that accounts for uncertainty in
both treatment effects and preference parameters.3
2

For a more detailed treatment of PROGRESA and its background, see [8], [15], and [26].
Observations are drawn with replacement before estimation of the treatment effects and the welfare and
impact weights. Treatment effects are then estimated from these bootstrapped samples, and welfare and impact weights estimated from these bootstrapped treatment effect estimates; the standard errors reported are the
standard deviation across bootstrapped welfare and impact weight estimates.
3
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Figure 2: Distribution of Estimated Treatment Effects
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Notes: Joint and marginal distributions of estimated treatment effects of PROGRESA conditional cash transfer on schooling, health, and consumption, estimated
using the causal forest method. Note that missed school days and sick days are inferred to be "bads", according to our estimated weights, and so higher negative
values for these treatment effects are associated with higher social utility. Note also that we impute 0 for households without children in the relevant age range for
health and schooling treatment effects; the above graphs show only TEs for households for which these TEs are defined.

Table 1 reports estimates. Each column represents a different targeting policy; column 1 presents
estimates from the household poverty score used to allocate eligibility in our sample. We report implied decisionmaker preferences: the first block of rows shows the implied welfare weights (µ(xi )),
and the second block shows implied impact weights (λ and C) and the standard deviation of the
error term (σ). The third block reports the ranking z decomposed into covariates, as described by
a linear regression. The fourth block presents counterfactual average outcomes in 1999 if the same
number of households were selected under that targeting policy.
We find that allocations are consistent with welfare weights that rank households 13.3 percentiles
higher if indigenous, 7.7 percentiles lower for each standard deviation increase in household income,
21.1 percentiles higher for each additional small child (ages 5 and lower) in the household, 15.1
percentiles higher for each additional child aged 6-16, and 20.3 percentiles lower for additional
adult. The coefficients on income, children and adults are statistically significantly different from 0
at a 5% level. The welfare weight on indigenous status is estimated slightly less precisely, with a T
stat of 1.17.4
Most of the implied value of the program comes from simply providing the program, independent
from its effect on outcomes (the constant term C). C accounts for 98% of the welfare gain for the
median household.
The weights on individual outcomes are measured less precisely. 95 confidence intervals suggest
that the Mexican government’s initial allocation rule implies a value of each missed school day
among children below 685 pesos of consumption, and a value of a sick days among young children
below 690.40 pesos, but confidence intervals span zero. These valuations can be compared against
other estimates of the value of education and health. Based on a review of multiple studies, [23]
suggest a 9% average return to a year of schooling. Assuming that these gains accrue once the child
is working age, with a lifetime of 40 years of work and a discount rate of 3%, this corresponds
to lifetime present-discounted earnings of 2143.35 pesos or $214.34 per missed year of school.5
Our 95% confidence intervals suggest a value per missed year of school below $1933.12. WHO
recommendations which consider health interventions to be a ‘best buy’ if they can save a DALY
4
We compute the average percentile change by first computing how each household’s projected ranking
would shift, given different covariates, and then taking the median
P change over all households.
5
16−7.5+y
Mean monthly consumption is 234.96 pesos. We compute 16+40
=
y=16 (0.09∗234.96∗12)∗(0.97)
2143.35, where 7.5 is the average child age in our sample.
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Table 1: Allocation Rules
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for $100 [18], as well as the revealed preference valuations of [16] of $23.68 per DALY for Kenyan
households, based on how far they are willing to walk for clean water. If we count each day a child
is sick as a day lost, so that a full year of sickness would represent a disability adjusted life year
(DALYs), then the government’s allocation is consistent with a value per DALY below $1917.97.6
Achieving more precise estimates of impact weights may require a larger sample.
5.4

Counterfactuals

We compare the estimates from the government allocation to counterfactual allocations in the remaining columns of Table 1.
Alternate welfare weights. When welfare weights are set equal across households (column 2), the
resulting score puts positive weight on log income and puts relatively less weight on households with
more small children, and positive weight on households with more adults. When welfare weights
rank households solely by log income (column 3), the resulting score deprioritizes households with
more small children and also deprioritizes indigenous households.
Technocratic impact weights. In columns 4-5 of Table 1, we keep the original welfare weights but
assume technocratic impact weights, as might be input from external valuations. We do not intend
to take a stand on these valuations, so these results should be viewed as speculative. We demonstrate
results assuming valuations of 1000 pesos ($100) per DALY and 2143.35 pesos per missed school
day. The z 0 ranking implied by our assumed weights is quite similar to the original. By contrast,
changing the household covariate welfare weights to an equal weighting across households so that
µ(xi ) ≡ 1 leads to positive weight on income and on household number of adults.
Focus on different outcomes. In columns 6-8 of Table 1, we present alternative specifications that
alter impact weights to be entirely determined by one of the three outcomes. When the impact
weights are determined entirely by health effects, z 0 prioritizes non-indigenous households and also
households with fewer children; when the impact weights are determined entirely by consumption
outcomes, z 0 upweights households where the head is indigenous and households with more children; when impact weights are determined by schooling outcomes, z 0 upweights households with
higher income and fewer small children. In all three of these settings, smaller households (in terms
of members of all ages) are given higher priority.
An alternative government scoring rule. In 2003, the Mexican government expanded PROGRESA, and updated their poverty score. In column 9, we find that the welfare weights implied
by this rule are largely similar to the welfare weights from the 1997 original ranking, but with less
negative weight on income and on households with fewer children, and higher weight on indigenous
status. On average, the government would rank households 36.8 percentiles higher if indigenous,
1.4 percentiles lower for each standard deviation increase in log household income, 16.5 percentiles
lower for each additional adult, 18.4 percentiles higher for each additional child aged 6-16, and 25.2
percentiles higher for additional child aged 5 and lower. These covariates are estimated with considerably less precision, however, and none are statistically significantly different from 0. The impact
weights are imprecisely estimated; we find the valuation of a missed day of school has a 95% confidence interval below 1607 pesos, and the valuation of a young child sick day below 489.73 pesos.

6

Conclusion

While analysts reason about primitives of utility and welfare weights, policy discussions commonly
revolve instead around the mechanics of implementation. This paper demonstrates how heterogeneous treatment effect estimates can be used to bridge between these two conceptions. This framework could be used in several ways. First, it could be used to characterize existing allocations,
to provide an indication of the preferences they imply. This, in turn, provides an ex-post auditing
mechanism that can help hold decisionmakers accountable for past transfers – and in particular, to
evaluate whether the implemented allocation reflects the stated goals of the policy. Perhaps most
importantly, this approach can be used to amend existing policies and guide future allocations. In
particular, it can demonstrate how different priorities over welfare outcomes and population subgroups would produce different allocations, and quantifies the welfare impacts of these adjustments.
6

As a rough conversion between sick days and DALYs, we multiply the value of each sick day by the 28
days asked over the survey to convert the valuation of sick days to the valuation of a ‘sick year.’
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A

Notes for NeurIPS ML for Economic Policy

This paper provides a method to allow people to inspect the values underlying policies, and policymakers to create policies with values in mind.
We hope that this method will improve the alignment of policies and values.
This paper has not been published or first made available before January 1, 2017, and is original
work.
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Table A1: Feature Importance Estimates: Causal Forest
Consumption

Health

Schooling

(Monthly avg. per person, in

(Avg. sick days per child)

(Avg. days of missed school

pesos)

per child)

head age

0.351

0.181

0.216

log household income ’97

0.204

0.192

0.329

household size

0.095

0.236

0.14

head education

0.19

0.151

0.082

num children less than 2 yrs old

0.025

0.045

0.086

num children 3 to 5 yrs

0.009

0.057

0.034

head agricultural worker

0.016

0.048

0.033

male head of household

0.038

0.021

0.011

num women at least 55 yrs

0.022

0.02

0.017

num women 20 to 34 yrs

0.018

0.015

0.019

num children 6 to 10 yrs

0.005

0.022

0.016

num men at least 55 yrs

0.018

0.005

0.012

num boys 15 to 19 yrs

0.008

0.008

0.005

num boys 11 to 14 yrs

0.0

0.0

0.0

num men 20 to 34 yrs

0.0

0.0

0.0

num women 35 to 54 yrs

0.0

0.0

0.0

num girls 15 to 19 yrs

0.0

0.0

0.0

head indigenous

0.0

0.0

0.0

num girls 11 to 14 yrs

0.0

0.0

0.0

num men 35 to 54 yrs

0.0

0.0

0.0

N

13438

8769

9871
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